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Abstract 
Chlorine compounds are widely used in water distribution systems to prevent waterborne diseases. Maintaining a 
sustainable level of residual chlorine in domestic tap water is important to ensure the quality of drinking water. In 
this study, we designed and fabricated a pilot-scale water distribution system to explore the relationship between 
the hydraulic conditions and the temporal variation in chlorine concentration. Various hydraulic conditions were 
introduced during operation, and temporal variations in chlorine concentration were recorded. The existing 
chlorine models that are used for water distribution systems can be categorized into three distinct groups. A genetic 
algorithm was used to calibrate the parameters of the various models and hydraulics. Regression analysis under 
turbulent conditions indicated that the fitted parameters from several chlorine models significantly were correlated 
with Reynolds numbers. The parameter space of several chlorine decay models was configured in conjunction with 
the hydraulic condition, and parameters were modeled under various flow conditions. Validation of the chlorine 
decay models under turbulent flow condition (Reynolds numbers of 15,000-40,000) showed good agreement (R2 > 
0.8) with the experimental observations obtained from the pilot plant system. 
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1. Introduction 
The quality of drinking water tends to degrades as it moves through distribution systems. The adoption of 
hygienic processes from the treatment process to the distribution system is necessary to prevent water-borne 
epidemics. Chlorine and chlorine compounds are widely used in water treatment processes as disinfectants(Galal-
Gorchev, 1996).  Chlorine’s residual potential not only prevents potential regrowth of microorganisms throughout 
water distribution systems, but also provides subsidiary protection against pathogen intrusion(Mohammad et al., 
2003). The satisfactory maintenance of residual chlorine concentration at a customer’s tap is one of the most 
important criteria to ensure good water quality in distribution systems. A reaction between the bulk of the water 
and the pipe wall means that the residual concentration of chlorine decreases as water travels through the 
distribution network. In the bulk of the water, free chlorine is mainly consumed by reactions with natural organic 
matter (NOM) and other reactive substances. The consumption of residual chlorine at the pipe wall is mainly 
associated with various reactions at the attached biofilm and the corrosion surface of the pipe wall. 
Although several studies have focused on factors affecting wall decay, such as the pipe material, flow velocity, 
water quality, and service age of the pipe (Al-Jasser, 2007; Digiano et al., 2005; Hallam et al., 2002; Ramos et al., 
2010), these influences have yet to be incorporated within relevant models.  The configuration of model parameters 
for various hydraulic conditions supports the development of a robust chlorine decay model through 
implementation of a relationship between delineated parameters and flow condition. In this study, a pilot-scale 
experimental pipeline system was fabricated to investigate temporal variation in chlorine concentration. Chlorine 
measurements were carried out to evaluate the performances of several decay models. The model parameters were 
calibrated by fitting experimental values via various kinetic models. Calibration was performed under five different 
hydraulic conditions. A genetic algorithm (GA) was incorporated into the models to configure the parameters of 
several chlorine decay kinetics by employing an objective function to minimize the root mean square error (RMSE) 
between the predicted and measured results. Based on the model performance, and comparison with experimental 
data, relationship between the model parameters and the flow velocity was determined. The parameters obtained 
from the flow velocity relationships provided a feasible chlorine decay model in a water distribution system under 
various hydraulic conditions. 
 
Nomenclature 
C chlorine concentration (ppm) 
C*          conservative component of chlorine concentration (ppm) 
k  decay coefficient 
kfast decay coefficient for fast reaction 
kslow       decay coefficient for slow reaction 
Cfast       chlorine concentration for fast reaction (ppm) 
Cslow         chlorine concentration for slow reaction (ppm) 
w           weighting in the parallel first order model 
 
2. Material and Method 
2.1. Experimental setup 
A pilot-scale experimental pipeline system was fabricated to perform experiments. As shown in Fig. 1, this 
pipeline system comprised a closed-loop pipe, two water storage tanks, and three pumps in parallel pipes. The 
pipeline system was 125 m long and consisted of two closed loops. The upstream loop started from the upstream 
reservoir and had a length of 65 m, whereas the downstream loop was stacked above the upstream loop and had a 
length of 60 m. Two storage tanks were used as a pressurized tank for the downstream boundary and a storage tank 
was used as an upstream reservoir. The height, diameter, and storage volume of the upstream storage tank were 2 
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m, 0.65 m, and 660 l, respectively, whereas these values were 1.22 m, 0.98 m, 1000 l, for the pressurized tank. 
Three pumps were installed between the reservoir tank and the pressurized tank. These pumps could produce flow 
velocities of 0.72 m/s, 1.5 m/s and 2.0 m/s, which generated flow conditions with Reynolds numbers between 
2,000 and 800,000 throughout the system. Flow control valves were installed ahead of and behind each of the 
pumps to modulate the flow velocity through the pipeline system. The pipe had an inner diameter of 0.02 m and 
wall thickness of 0.0003 m. The pipe material was stainless steel, with an elastic modulus of 190 GPa. The 
potential effect of biofilm generation was minimized by cleaning the pipeline system with detergent prior to each 
experiment.  
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Fig. 1. Schematic of pilot scale experimental pipe system 
 
The chlorine concentration was measured using a sampler located 33 m from the upstream reservoir. The 
chlorine sensor had a measurement range of 0.02 ppm to 2 ppm, with an accuracy of ±0.02 ppm (Prominent Inc.). 
The system measured chlorine concentration at a sampling rate of 1 Hz. 
The pipeline system was filled with water from the public supply network. The chlorine concentrations ranged 
between 0.2 mg/l and 0.25 mg/l. The pipeline system circulated the water for 30 min. to ensure that the initial 
chlorine concentration reached a temporally steady and spatially uniform value. Depending on Reynolds numbers, 
experiments were conducted under consistent pump and control valve conditions for 4 to 7 days to obtain the 
necessary data series. 
2.2. Chlorine decay model 
Table 1. Several chlorine decay models ( is the chlorine concentration (ppm) at time (day);  is initial chlorine concentration(ppm);  is 
the conservative component of the chlorine concentration (ppm);  is the decay coefficient (day-1);     are the decay coefficients for 
fast and slow reactions, respectively;  is a constant for the order of decay; and  is the weighting in the parallel first order model). 
Model Differential Equations Integrated Equation Adjustable Parameters 
First order         
nth order            
 


   
Limited first 
order                  
Limited nth 
order                     
 
  
Parallel first 
order 
    , 
        
      
                 
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Many studies have investigated the fate of residual chlorine concentration within a water distribution system. 
Table 1 illustrates several conventional models that are used to describe the decay behavior of chlorine (Haas et al., 
1984). The first-order model in Table 1 is the most widely used to predict chlorine concentration. The effect of the 
temperature, total organic carbon (TOC), pipe materials and amounts of rechlorination were investigated using the 
first-order model (Hallam et al., 2002). The nth model was developed to improve the initial decay behavior of 
chlorine based on an assumption that the order  can describe a faster rate of decay. Limited models have been 
developed to describe how chlorine decay is limited to a designated degree, and the redundant chlorine 
concentration in excess of the residual reactant has been successively described (Powell et al., 2000). Two distinct 
reactions associated with chlorine concentrations were expressed by the parallel first-order model, which is 
composed of three parameters: the fast and slow decay coefficients and the weighting between the two reactions 
(kfast, kslow, and w). 
2.3. Calibration of kinetic constants using GA 
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Fig. 2. Flowchart of model and parameter calibration using genetic algorithm. 
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A genetic algorithm (GA) is integrated with several chlorine models to calibrate the parameters of the kinetics. 
The GA is a nonlinear optimization tool based on natural evolutionary processes (Goldberg, 1989). A binary string 
is a possible solution, where a set of strings comprises a population. Based on Darwin’s principle of “survival of 
the fittest”, GA generates new solutions for every generation until a reliable fitness is obtained. Fig. 2 illustrates a 
parameter calibration flowchart with GA.  
Based on the selected model, both the type and the number of parameters are determined, and candidate 
parameters are generated. The performance of a chromosome is evaluated using the RMSE between the 
measurements and the modeling as,  
 
 ( ) ( )( ) ( ) ( )( )21 2 1 2
1
F , , , , . , , , .
n
Obs Model n Obs Model n
i
C i C i P P P C i C i P P P
=
… = − …∑  (1) 

where,    is the chlorine concentration obtained from an experiment at time step  , and   
    is the chlorine concentration obtained using the selected model with parameters 
( ) at time step . 
The calibration proceeds to another model structure if the estimated RMSE meets the criterion for modeling. 
Otherwise, operations such as the selection for reproduction of the next generation, crossover, and mutation 
processes are performed sequentially to delineate parameters that better describe the chlorine decay. An identical 
parameter configuration process is performed for all of the model structures. 
 
3. Result and Discussion 
3.1. Chlorine measurements and calibration of model parameters 
Fig. 3 shows the temporal decay patterns of chlorine (ppm) for five Reynolds numbers between 14,600 and 
39,000. Several fluctuations at the local scale can be explained by the impact of abrupt temperature variation on the 
chlorine sensor, such as resulting from rainfall events under outdoor experimental conditions. 
 
Fig. 3. Time series of measured chlorine concentration under five constant flow velocities with Reynolds numbers of 14,600, 23,400, 26,600, 
32,200 and 39,000. 
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Higher velocity produced a steeper decay rate. The periods required for the reduction of the chlorine 
concentration to 10 % (from 0.2 mg/l to 0.02 mg/l ) were 7.0 days, 6.0 days, 4.6 days, 4.0 days, and 3.8 days for 
velocities of 0.73 m/s, 1.17 m/s, 1.33 m/s, 1.61 m/s, and 1.90 m/s, respectively. Both initial condition and time 
values for concentration were obtained through measurement. The number of chlorine measurements for the five 
flow conditions were 480,000, 450,000, 415,000, 382,000, and 348,000, respectively. 
The RMSE value in Equation (1) was minimized using the chlorine time series measurements, and GA 
calibrations were performed for all of the chorine models as illustrated in Fig. 2. The model was run with 
population of 50 for 100 generations to obtain solutions close to the global optimum. Table 2 summarizes the 
calibrated decay coefficients for several Reynolds numbers. In all of the models, the decay coefficients showed an 
apparent increasing tendency with an increase in Reynolds numbers. All of the decay coefficients in the nth models 
and limited nth models showed positive correlations with Reynolds numbers. This result is in sharp contrast with 
the results of Menaia et al. [10], which indicated no effect of the flow velocity on the chlorine decay rate. The 
difference observed in chlorine behavior may be attributed to the differing experimental conditions used by Menaia 
et al. [10]; PVC pipes; 8 hours of recording; and  low-flow velocity condition (0.56 m/s). Other studies have also 
shown positive correlations between chlorine decay and flow velocity (Ramos et al., 2010; Mutoti et al., 2007). Of 
all the models, the first order decay and limited second order decay models showed the highest fitness (R2 = 0.83). 
The parallel first-order model did not show any significant correlation with flow velocity and this absence of 
correlation is possibly due to the  difference in model structure. 
 
Table 2. Calibrated parameters for several chlorine models with five Reynolds numbers. 
Model RN 14600 23400 26600 32200 39000 
nth model Parameter  
1 k 0.54689 0.65584 1.44902 1.77465 2.19794 
2 k 0.93478 1.09348 2.10913 2.61727 3.22367 
3 k 13.05887 13.88897 25.87664 32.84707 40.34242 
4 k 205.0539 206.6103 408.5208 538.1939 692.0072 
limited nth Parameter  
1 k 0.93478 1.09348 2.10913 2.61727 3.22367 
2 k 13.05887 13.88897 25.87664 32.84707 40.34242 
3 k 205.0539 206.6103 408.5208 538.1939 692.0072 
4 k 3630.482 3612.476 8595.843 12132.33 17231.97 
Parall. 1st Parameter      
 w 0.5723 0.58594 0.83982 0.86637 0.70064 
 kfast 3.82305 3.9845 2.85653 2.8666 5.00748 
 kslow 0.16666 0.20252 0.09375 0.05518 0.50783 
RN: Reynolds numbers 
 
3.2. Validation of regression models with hydraulic conditions 
The relationships between the Reynolds number and the decay coefficients of the chlorine models were 
explored using linear regression. Fig. 4 (a) shows parameter  and the Reynolds numbers in symbols and lines with 
the best fits to the observations for the nth linear and limited nth models. Depending upon the order of the model, 
the intercept of the linear regression was distinctively distributed. Table 3 shows linear regressions of model 
parameters and flow conditions for all the models. As illustrated, the linear second order model provided the 
strongest correlation (R2 = 0.98) with flow conditions. Fig. 4 (b) shows the model parameters and Reynolds 
numbers for the parallel first-order model. The coefficients of determination from the fitted lines for the parameters 
of the parallel first order model varied between 0.25 and 0.33, which indicated a negligible relationship with the 
flow condition. Using the linear regressions presented in Table 3, model parameters were delineated to test the 
application of the chlorine model under various flow conditions.  
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Fig. 4. Decay constants and Reynolds numbers for nth linear and limited nth models. where, the open circle, square, triangle and diamond 
symbols represent first to fourth linear models and the closed circle, square, triangle and diamond symbols represent limited first to fourth 
models, respectively (a). Model parameters and Reynolds numbers for parallel first order model, where the open square, triangle, and circle 
denote weighting and slow and fast decay constants, respectively. 
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Table 3. Linear regression equations between model parameters and Reynolds number (RN) using      and corresponding coefficients 
of determination (R2) for all chlorine models. 
Model y x a b R2 
1st linear k RN 5.90 ·10-5 -0.25 0.95 
2nd linear k RN 5.41 ·10-4 -1.28 0.98 
3rd linear k RN 6.54 ·10-3 -23.68 0.97 
4th linear k RN 9.85 ·10-2 -655.86 0.97 
limited 1st k RN 8.76 ·10-5 -0.35 0.90 
limited 2nd k RN 1.03 ·10-3 -3.54 0.95 
limited 3rd k RN 1.82 ·10-2 -109.63 0.96 
limited 4th k RN 4.83 ·10-1 -5165.3 0.97 
 
Parallel 1st 
 
w RN 5.40 ·10-6 0.60 0.26 
kfast RN 1.03 ·10-4 0.24 0.33 
kslow RN -5.39 ·10-6 0.36 0.25 
 
Table 4. Coefficients of determination (R2) and RMSE values for calibration and validation with linear flow relationships in Table 3. 
 RN 14600 23400 26600 32200 39000 
Model Fitness Cal. Val. Cal. Val. Cal. Val. Cal. Val. Cal. Val. 
1st linear R2 .93 .93 .69 .66 .75 .75 .53 .54 .82 .81 
RMSE .013 .013 .021 .022 .020 .020 .025 .025 .018 .018 
2nd 
linear 
R2 .94 .94 .96 .96 .93 .92 .86 .87 .93 .93 
RMSE .012 .012 .008 .007 .011 .011 .014 .013 .011 .011 
3rd 
linear 
R2 .82 .82 .94 .94 .85 .85 .85 .85 .82 .82 
RMSE .02 .02 .009 .010 .015 .015 .014 .014 .018 .018 
4th 
linear 
R2 .69 .68 .84 .84 .72 .72 .74 .74 .68 .68 
RMSE .027 .027 .015 .015 .021 .021 .019 .019 .024 .024 
1st limited R2 .98 .96 .91 .91 .96 .96 .87 .88 .97 .95 
RMSE .006 .009 .011 .012 .008 .008 .013 .013 .008 .010 
2nd 
limited 
R2 .86 .86 .95 .96 .89 .89 .88 .89 .86 .86 
RMSE .017 .018 .008 .008 .013 .013 .013 .012 .016 .016 
3rd 
limited 
R2 .69 .68 .83 .83 .71 .71 .74 .74 .66 .66 
RMSE .026 .027 .016 .016 .021 .021 .019 .019 .024 .024 
4th 
limited 
R2 .54 .54 .71 .70 .55 .55 .58 .58 .50 .50 
RMSE .032 .030 .021 .020 .026 .026 .024 .024 .030 .030 
parallel 
1st  
R2 .97 .92 .97 .96 .96 .95 .90 .93 .96 .93 
RMSE .008 .013 .006 .008 .008 .009 .012 .010 .008 .011 
RN: Reynolds number; Cal.:calibration; Val.:validation. 
 
Table 4 presents the coefficients of determination and RMSE values for the GA calibration and validation using 
the parameters obtained from the regression relationships in Table 3. Both the calibration and the validation 
showed that the limited first-order and linear second-order models had the best fitness of all the linear and limited 
model formulations, whereas the performance of the parallel first-order model also showed high R2 values and low 
RMSE values. Close correlation of the model parameters and the flow condition did not appear to be a necessary 
condition for improved description of chlorine decay. Even though the relationship between the calibrated 
parameters and the flow condition provided an understanding of the role of hydraulics in chlorine decay behavior 
for a high-order limited model, the two different modeling components in the parallel first-order model, namely, 
the fast and slow decay constants, performed distinctively well in modeling the temporal variation in the chlorine 
concentration. 
 
4. Conclusion 
This study explored the relationship between the parameters of chlorine decay models and hydraulic conditions 
in a water distribution system. A pilot-scale pipeline system was constructed for an experimental evaluation of 
chlorine decay. Depending on Reynolds numbers under several steady flow conditions, 4 to 7 days of monitoring 
water circulation provided the time series for chlorine variation. Three different modeling platforms were used:  
nth linear model, limited nth model, and a parallel first-order model; and nine different chlorine models were 
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delineated to test the simulation performance. A genetic algorithm was employed to calibrate the model parameters 
for all the hydraulics and modeling conditions. Strong relationships were found between the decay coefficients and 
Reynolds numbers for the nth linear and limited nth models. Model parameters from the regression equations using 
the Reynolds number were used to the validate chlorine modeling under various hydraulic conditions. The 
validation results showed a similar fitness to those obtained from the calibration. The proposed relationships 
between the model parameters and the hydraulic conditions could be used to evaluate several chlorine model 
parameters for Reynolds numbers between 15,000 and 40,000. Further study seems necessary to merge the various 
modeling formulations into a unified platform and additional studies could be useful to determine the parameter 
response space. In addition, the configuration of chlorine model parameters under a transient pipe-flow condition 
could form a future research topic. 
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